Cardiovascular magnetic resonance myocardial feature tracking (CMR-FT) is a promising method for quantification of cardiac function from standard steady-state free precession (SSFP) images. However, currently available techniques require operator dependent and time-consuming manual intervention, limiting reproducibility and clinical use. In this paper, we propose a fully automated pipeline to compute left ventricular (LV) longitudinal and radial strain from 2-and 4-chamber cine acquisitions, and LV circumferential and radial strain from the short-axis imaging. The method employs a convolutional neural network to automatically segment the myocardium, followed by feature tracking and strain estimation. Experiments are performed using 40 healthy volunteers and 40 ischemic patients from the UK Biobank dataset. Results show that our method obtained strain values that were in excellent agreement with the commercially available clinical CMR-FT software CVI 42 (Circle Cardiovascular Imaging, Calgary, Canada).
INTRODUCTION
Myocardial wall motion analysis (MWMA) allows for precise and comprehensive assessment of left ventricular (LV) and right ventricular (RV) contractile function. Myocardial strain and strain rate provide a relatively load-independent quantitative evaluation of myocardial wall motion, and have been shown to enable earlier and more sensitive detection of myocardial diseases compared to global measures of cardiac function, such as ventricular volumes and ejection fraction [1] . In echocardiography, strain can be measured by tracking naturally occurring acoustic markers ('speckles') in the myocardium throughout the cardiac cycle. However, the limited acquisition windows severely restrict the ability to interrogate total myocardial wall motion. Cardiac magnetic resonance (CMR) is the current gold standard for assessment of global and regional myocardial function, and does not suffer from limited acquisition windows. Several CMR imaging techniques have been proposed for strain analysis, such as myocardial tagging, phase contrast velocity imaging, displacement encoding, and strain encoding. Although all of these CMR techniques provide useful information on myocardial function, they are not typically used in routine clinical CMR as they require additional imaging and complex, timeconsuming post-processing. Instead, CMR feature tracking (CMR-FT) has been proposed as a more accessible MWMA technique. By tracking features between consecutive frames from steady state free precession (SSFP) cine acquisitions, in a way analogous to speckle tracking echocardiography, CMR-FT is able to derive strain and strain rate from routinely acquired CMR images. However, current CMR-FT techniques typically require manual delineation of cardiac volumes and frequent reassessment of annotations based on tracking results, which is skill and experience dependent. This results in increased processing times and a significant degree of inter and intra-observer variability [2] .
Related Work: The two most common commercially available software packages offering CMR-FT are TomTec (TomTec Imaging Systems, Unterschleissheim, Germany) and CVI 42 (Circle Cardiovascular Imaging, Calgary, Canada). Both require manual segmentation of the end-diastolic (ED) frame and identification of RV-LV and mitral valve insertion points. Furthermore, manual readjustment of the automatically propagated ED segmentations is frequently needed, resulting in significant processing time and interobserver variability, limiting its current use for clinical assessment in large groups of patients. Some semi-automatic methods have been proposed, for example Mansi et al., [3] presented an improvement of the diffeomorphic Demons algorithm for cine MR sequences. They compared the estimated strain using the proposed motion tracking algorithm to tagged-MR estimated strains for a healthy volunteer, and with ultrasound 2-D strain for a patient with congenital pulmonary valve regurgitations. However, their method required manual input for segmentation and motion correction. Few automatic pipelines have been proposed before and most either focus on one type of strain, or on a single slice. For example, Jolly et al., [4] proposed an automatic pipeline to measure LV mean midwall Eulerian circumferential strain from cine SSFP. More recently, Vigneault et al., [5] proposed an automatic pipeline for estimation of circumferential cardiac strain using deep learning, although did not make a direct comparison to any clinical software.
Contributions:
In this paper we propose a fully automatic pipeline to quantify myocardial longitudinal, radial and circumferential strain from cine MR sequences. The pipeline enables fast and accurate assessment of LV strains and eliminates manual intervention and inter and intra-observer variation. To validate the proposed method we compared the obtained strain values with those computed using CVI 42 , a widely used clinical tissue-tracking CMR software package.
MATERIAL
The study population consisted of 40 healthy volunteers and 40 ischemic patients from the UK Biobank Imaging Study [6] , with demographics displayed in Table 1 . CMR imaging was carried out on a 1.5 Tesla scanner (Siemens Healthcare, Erlangen, Germany). Short-axis (SA) stacks covering the full heart, and two orthogonal long-axis (LA) planes (2-chamber (2Ch) and 4-chamber (4Ch) views) were available for each subject (TR/TE = 2.6/1.10 ms, flip angle = 80
• ). In-plane resolution of the SA stack and LA images was 1.8 mm, with slice thickness of 8 mm and 6 mm for SA and LA respectively. 50 frames were acquired per cardiac cycle. 
METHODS
The proposed framework for automatically quantifying myocardial strain from cine MR sequences is summarized in Fig.  1 , and each step is described below. Fig. 1 : Overview of the proposed framework for automatic quantification of myocardial strain from cine MR sequence.
Automatic Segmentation Network: A fully-convolutional network (FCN) with a 17 convolutional layer VGG-like architecture was used for the automatic segmentation of the LV myocardium and blood-pool at ED for SA and LA slices [7, 8] . Each convolutional layer of the network is followed by batch normalisation and ReLU, except the last one, which is followed by the softmax function. In the case of the SA stack, each slice is segmented independently, i.e. in 2D. From the segmentations, a bounding box was generated and used to crop the image to only include the desired FoV, improving pipeline speed and reducing errors in motion tracking.
Motion correction: Automatic SA and LA segmentations were used to correct breath-hold induced motion artefacts using the iterative registration algorithm proposed in [7] . The motion-corrected LA/SA slices are used to correctly identify mid-cavity SA planes for computing strain, determined by correspondence to the valves and apex identified in the LA view.
Motion tracking: Motion tracking was performed on each 2D plane in both SA and LA views using MIRTK; more specifically, a 2D B-spline free-form deformation (FFD) registration was used [9] to estimate LV motion between consecutive frames of the cine MR sequences.
Generation of layers and segments of the myocardium. On the ED frame, the LV myocardium was divided into 5 layers and 6 segments as illustrated in Fig. 2 , and described below. From the SA and LA segmentations, the contours defining the boundaries of the LV endocardium and epicardium were extracted using standard morphological operations. Both contours were smoothed by fitting a spline with the same number of equally-spaced points for both. Skeletonization was used to generate a centreline of the myocardial segmentation in both the SA and LA views. Centrelines were smoothed by fitting a further spline. Two additional contours were generated at the midline of the centreline-epicardium and centreline-endocardium, resulting in a total of 5 concentric trans-mural contours. In addition, six myocardial sectors were identified in each slice. In the LA views, the myocardium was divided into 6 equally sized sectors (see Fig. 2 ). In the SA view, RV-LV intersections were automatically detected (RV1 and RV2 in Fig. 2 ) and used to divide the septum and LV free-wall into respectively 2 and 4 equally sized sectors along the arc-length of the myocardial centreline. Finally, all spline points were transformed with the motion tracking deformation fields.
Strain computation: Myocardial strain defines the total deformation of a region of tissue during the cardiac cycle relative to its initial configuration at the onset of the cardiac cycle, and it is normally expressed in percentages. Three components of myocardial strain (radial, rr, circumferential, cc, and longitudinal, ll) are typically measured, and each component used to quantify different aspects of cardiac function. More specifically, the mean Lagrangian strain over the whole myocardium for each strain component j (i.e. rr, cc or ll) at each time point t was computed as follows:
where d ED j,v,k,s is the length at ED for the segment s, layer k and view v (i.e. SA or LA) for strain component j. Radial strain was computed with transmural distance (d r in Fig. 2 ) from SA/LA slices; circumferential strain using circumferential segment arclength (d c in Fig. 2 ) from SA slices; and longitudinal strain using longitudinal segment arclength from LA slices. Because there are five layers, we can calculate the endocardial, epicardial, midwall, endo-midwall and epimidwall strain separately. Global strain was computed as the average of the estimated strains from each segment and layer to reduce noise. 
RESULTS
The strain values obtained using the proposed automatic method were compared with strain analysis obtained by an expert CMR trained cardiologist using CVI 42 . Importantly, the manual segmentations created in CVI 42 were made independently of the proposed automated framework and strain results were computed as the mean of three analysis repetitions, according to clinical consensus [2] . Furthermore, the deep learning segmentation network was trained and optimised using a separate cohort of the UKBB data set. The 2Ch and 4Ch LA slices were used to determine LV longitudinal strain and LV radial strain (E t ll,LA and E t rr,LA ) alongside the time to peak (TPK) strain duration. LV SA circumferential (E t cc,SA ) and radial (E t rr,SA ) strains and the corresponding TPK strain durations were calculated from three mid-ventricular SA slices determined automatically in the proposed approach. The same slices were also used in CVI 42 . Peak LV strain values obtained using the proposed method and CVI 42 were compared using a Welch's t−test (significant differences reported for p-value< 0.05 with Bonferroni's correction). Moreover, peak LV strain values between healthy volunteers and ischemic patients were compared using a t−test (significant differences reported for p-value< 0.05 with Bonferroni's correction) for the proposed method and CVI 42 . Fig. 3 shows an example of the three strains estimated for a healthy volunteer and an ischemic patient. Experiments were carried out on a PC with a Intel Xeon CPU E5-1660 v3 with 31GiB RAM, and the run-time of the proposed pipeline was 200s per subject.
Quantification of LV strain. Table 2 shows the average peak strain values of 40 healthy volunteers and 40 ischemic patients using both methods. Paired sample t−tests, showed no statistically significant difference between the two methods for peak E rr,LA and E rr,SA in both patients and volunteers, but showed a slight underestimation in E ll,LA and E cc,SA in healthy volunteers with the proposed method compared to CVI 42 . Furthermore, an unpaired sample t−test showed that the proposed method was successful in detecting a statistically significant decreased peak strain in ischemic patients compared to healthy volunteers, similarly to CVI 42 . Variability between CVI 42 and proposed method. The variation in peak strain estimation between the two methods was assessed using Bland-Altman analysis and Intraclass correlation coefficients (ICC) (see Fig. 4 ). The level of agreement was defined as in [2] : excellent for ICC>0.74, good for ICC=0.6-0.74, fair for ICC=0.40-0.59, and poor for ICC<0.4. Results show excellent agreement between our method and CVI 42 , with the lowest variation in peak E ll,LA and E cc,SA , whereas a larger spread was observed for peak radial strain. The latter is in line with the larger intra and inter observer variability seen in radial strain assessment in previously published CMR-FT literature [1] .
DISCUSSION AND CONCLUSIONS
Automatic quantification of cardiac function from cine CMR sequences has the potential to increase accessibility of MWMA for assessment of cardiac diseases by eliminating time consuming manual post-processing steps and reducing inter-and intra-observer variation. In this paper, we have presented a fully automated pipeline for LV strain estimation that includes segmentation, motion tracking and longitudinal, radial and circumferential strain estimation from routinely acquired CMR imaging. This is the first time that such a pipeline has been described. We compared the performance of the proposed method with CVI 42 , one of the two commercially avail- able software packages for CMR-FT. Our method showed excellent agreement with strain analysis manually obtained by an expert in CVI 42 . The method slightly underestimated peak longitudinal and circumferential strain compared to CVI 42 , most likely reflecting minor differences in motion tracking algorithms. However, this underestimation was consistent throughout the range of strains observed in our study. We also note that, although widely used clinically, tools such as CVI 42 cannot be considered as gold standards for strain quantification due to their intra and inter observer variability. Future work will focus on extending the strain computation to a larger cohort and to multiple pathologies. Furthermore, our method allows for assessment of regional 2D strain and can be easily extended to 3D strain, which can be used in the future for more comprehensive regional MWMA.
